The Deepwater
INTRODUCTION
The Deepwater Horizon blowout in the Gulf of Mexico occurred due to the rig exploded off the Louisiana coast on April 20, 2010. More than 200 million gallons of oil spewed into the Gulf of Mexico and the petroleum hydrocarbons were released from the reservoir through the wellbore for 87 days causing an oil spill of national significance. The oil spill caused significant damage to the environment and to the marine habitats. The damages associated with the oil spill include oiled and dead wildlife, polluted marshes, and lifeless deep water corals. In response to the Deepwater Horizon Oil Spill disaster in Gulf of Mexico, NASA acquired several synthetic aperture radar (SAR) and hyperspectral images (HSI) and made them available to the scientific research community for analyzing impacts of the oil spill. SAR has been successfully used for detecting oil spills [1] [2] . Image fusion techniques are shown to be effective for detecting oils spills with SAR imagery [3] . Toxic compounds in petroleum hydrocarbons can cause severe stress to the vegetation along the shore line and this may result in changes of leaf color and could permanently damage the canopy. Spectral richness of HSI imagery enables the detection of subtle difference in vegetation stress [4] [5] . Airborne HSI and other satellite imagery has been used in investigating Deepwater Horizon oil spill [6] [7] .
STUDY AREA AND DATA USED
The coastal areas affected by Deepwater Horizon oil spill as of 19
th June 2010 are shown in Figure 1 . The areas outlined in red are heavily oiled; orange and green outlines indicate moderate and very light oiling respectively. The study area is near Wilkinson Bay, Louisiana, which was heavily impacted by oil. UAVSAR data collected on June 23, 2010 and AVIRIS data collected on July 31, 2010 were used in this study. Figure 1 shows the study area and a field photo of oiled and dead vegetation near Wilkinson Bay, Louisiana.
A high resolution aerial photograph of the study area is shown in Figure 2 (a), a color composite of the UAVSAR 3-band (HH, HV, and VV) image is shown in Figure 2 (b); and a false color composite of the AVIRIS image subset is shown in 2(c). The SAR and HSI images were co-registered and six ground truth classes were defined for investigation. The ground truth classes and the number of pixels in each class for SAR and HSI data are given in Table  1 . These classes are: vegetation with heavy oiling, vegetation with very light oiling, water, water with oil, healthy vegetation and vegetation with moderate oiling.
The NASA AVIRIS is a 224 channel hyperspectral instrument with spectral coverage from 400 -2500 nanometers (nm). The AVIRIS data collected on July 31, 2010 has a spatial resolution of 9.57 meters. The L-band UAVSAR data with HH (horizontal send and receive), HV (cross polarized), and VV (vertical send and receive) polarizations and a spatial resolution of 1.85 meters was used in this study. The size of SAR subset is 1316 x 402 pixels and the size of HSI subset is 284 x 83 pixels. 
DATA FUSION AND CLASSIFICATION
Data fusion may be performed at various information levels, such as pixel, feature, and decision level. Hsu et al. implemented fusion of hyperspectral and SAR imagery at both data and feature levels, resulting in a combined spatialspectral analysis to enhance target identification [9] . Pixel level fusion was investigated on SAR and HSI data for detection of surface and buried mines, which resulted less false alarm rate [10] . In this study, fusion is implemented at the pixel level and Figure 3 shows the block diagram of the approach. The simulated SAR data were generated by taking the median of a 5 x 5 spatial window and concatenated with the HSI data. The support vector machine (SVM) is a powerful supervised learning method for analyzing and recognizing the patterns [11] . This research implemented the SVM classifier on the fused HSI-SAR dataset and on the extracted feature sets of individual sensors. 30% of labeled samples were used to train the classifier and the rest of the pixels were predicted by the classifier.
FEATURE EXTRACTION

HSI Features
In hyperspectral data, image information is concentrated in the principal components associated with large eigenvalues. Therefore, we applied principal component analysis (PCA) to achieve dimensionality reduction. Since there are six ground truth classes, the first five principal components were selected for analysis.
SAR Features
Grey Level Co-Occurrence Matrix (GLCM) features [12] were extracted from the SAR data in four spatial orientations: horizontal, left diagonal, vertical, and right diagonal corresponding to 0°, 45°, 90°, and 135°, and six features have been computed on each matrix with a window size of 11. The features used in this study are: energy, correlation, variance, homogeneity, entropy, and inertia.
RESULTS AND DISCUSSION
The classifier was tested with the following combinations of the features as shown in Table 2 . The accuracy results for each of these combinations is shown in Figure 4 . Overall, the HSI-SAR fusion performed as well as or better than the other combinations. The SAR-based features performed better on two classes: healthy vegetation (C5) and lightly oiled vegetation (C2). For all the other classes, the HSIbased features outperformed. 
CONCLUSION
In this paper, fusion of SAR and HSI data was implemented at the pixel level for classification of areas affected by the oil spill in the Gulf of Mexico. Five different combinations of features derived from the HSI and SAR data were tested with SVM classifier. The results demonstrated the benefit of multi-sensor fusion with overall accuracy of the fused feature set exceeding that of either HSI or SAR alone.
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